Systematic assessment of tyrosine kinase-substrate relationships is fundamental to a better understanding of cellular signaling and its profound alterations in human diseases such as cancer. In human cells, complex signaling networks, feedback loops, conditional activity and intra-kinase redundancy combine to confound systematic attempts to address this topic. We leveraged the model organism S. cerevisiae to individually express human non-receptor tyrosine kinases (NRTKs) and exploited the full yeast proteome as an in vivo model substrate. For 16 NRTKs, we recorded 3,279 kinase-substrate relationships involving 1,351 yeast pY-sites. From this data we generated a set of new linear kinase motifs and assigned ~1,300 known human pY-sites to specific NRTKs. Furthermore, experimentally defined pY-sites for each individual kinase were shown to cluster within the yeast interactome network irrespective of linear motif information. We therefore applied a network inference approach to predict kinase-substrate relationships for more than 3,500 human proteins, marking a substantial step forward in our understanding of kinase biology.
Introduction
Cells of all organisms store and transmit information via post-translational modification (PTM) of proteins such as phosphorylation of serine, threonine or tyrosine side chains by protein kinases. Phosphorylation regulates a vast array of cellular processes and its deregulation is central to disease such as cancer. In order to understand how cellular signaling impacts upon normally functioning or disease processes, it is necessary to define kinase-substrate relationships. However, less than ten percent of over 200,000 human phospho-sites are linked to responsible protein kinases (Hornbeck et al., 2012) . How the set of ~500 human protein kinases (Manning et al., 2002) specifically phosphorylates ~400 times the number of phospho-sites on proteins is a largely unanswered question.
Major obstacles in defining kinase-substrate relationships stem from the fact that at any point in time, kinases are differentially expressed dependent on cell type or cell cycle phase or subcellular localization, exhibit partly overlapping substrate specificity and have magnitude differences in enzymatic activity.
Furthermore, kinases form complex signaling networks containing layers of redundancy and feedback loops, hindering identification of kinase targets using traditional perturbation approaches in the context of endogenous cellular signaling. Therefore kinase specificity determinants were mainly assayed with purified kinases and synthetic peptide substrates in vitro. As a result, while specificity determinants such as docking sites have been reported (Ubersax and Ferrell, 2007; Zeke et al., 2015) , the primary amino acid sequence surrounding the phosphorylation site, referred to as kinase motif, is the predominant specificity determinant studied to date (Miller et al., 2008; Mok et al., 2010; Deng et al., 2014; Duarte et al., 2014) .
As alternatives to synthetic peptide-based approaches proteome-derived peptide libraries constructed from tryptic digests of human cell lysates were used to probe CK2 kinase specificity (Wang et al., 2013) , and a micro array of 4191 full-length human proteins was used to assay kinase-substrate relationships for 289 kinases (Newman et al., 2013) . To bypass endogenous kinase activity, motifs were also revealed by mass spectrometry for recombinant serine/threonine kinases PKA and CK2 expressed in bacteria (Chou et al., 2012) . Utilizing experimentally derived motif data, a variety of computational approaches for scoring linear kinase motifs in the proteome to predict putative substrate sites have been developed (Miller et al., 2008; Xue et al., 2008; Hu et al., 2014) . Linding et al. improved motif-based predictions by including contextual information, mainly protein-protein interaction (PPI) networks, in a machine learning approach (Linding et al., 2007) . On top of phospho-sites that match known kinase motifs, they demonstrated that network context of kinases and phosphoproteins can contribute up to 60-80% to kinase-substrate specificity. However 80%, of human phosphorylated sites do not match any currently known kinase motifs, limiting the predictive power of such approaches. Here we use the in vivo yeast proteome as a model substrate for individual human tyrosine kinases to characterize pY-sites that elude kinase-substrate prediction with linear motif based approaches.
In contrast to serine/threonine signaling, tyrosine signaling can be regarded as a hallmark of multicellularity and has not evolved in yeast. Bona-fide protein tyrosine kinase (PTK) sequences -58 cell membrane-spanning receptor tyrosine kinases and 32 non-receptor tyrosine kinases (NRTKs) in humanwere not detected and tyrosine kinase orthologs are absent in fungi (Manning et al., 2002) . Protein tyrosine kinase activity in yeast is low (Schieven et al., 1986 ) and only few phosphorylated tyrosine residues are known in yeast (Gnad et al., 2009 ) likely due to a few dual-specificity kinases. As such yeast can be leveraged as a background-free, eukaryotic expression system in which to study tyrosine kinase activity. Early indications of heterologous PTK activity in yeast were observed through growth inhibition upon overexpression of v-SRC, later explained by aberrant phosphorylation of yeast proteins (Brugge et al., 1987; Kornbluth et al., 1987; Cooper and MacAuley, 1988; Florio et al., 1994) . The toxic effect of PTK activity upon overproduction in yeast was exploited for screening of kinase inhibitors or phosphatases which restore yeast growth (Montalibet and Kennedy, 2004; Koyama et al., 2006; Harris et al., 2013) . Despite these overexpression toxicity issues, Nada and colleagues (Nada et al., 1991) effectively used a heterologous yeast system to discover that CSK negatively regulates SRC by C-terminal tyrosine phosphorylation. In addition SRC-FES-and HCK-kinase regulatory mechanisms were further investigated in Saccharomyces cerevisiae (e.g. (Murphy et al., 1993; Superti-Furga et al., 1993; Takashima et al., 2003; Lerner et al., 2005) ). C-ABL auto-inhibition was analyzed in Schizosaccharomyces pombe (Pluk et al., 2002) exploiting the absence of inhibitory factors. Finally, the first systematic use of low level human NRTK expression in yeast enabled screening of phospho-tyrosine dependent interactions on a proteome scale (Grossmann et al., 2015) .
Here, we describe an alternative approach of individually-expressing active human NRTKs in yeast to comprehensively record pY-sites on the yeast proteome using mass spectrometry. We exploit the complete proteome in living S. cerevisiae as a model substrate for individual human NRTKs. In our approach the yeast proteome serves as a fully folded substrate space that is phosphorylated by specific human kinases in vivo. pY-sites can be recorded from a crowded, competitive, cellular context and directly attributed to the kinase expressed. The yeast proteome is one of the best characterized, spanning more than 5 orders of magnitude in protein concentration (Wang et al., 2012) and 30% of the yeast proteins have homologous proteins in human. Furthermore, the yeast protein interaction network is very well mapped, with more than 60,000 high confidence interactions reported to date (Gavin et al., 2006; Krogan et al., 2006; Yu et al., 2008) and serves as a reliable basis for network analyses. Finally, yeast can be grown in large amount enabling robust phospho-proteomics data set recording.
We take three different routes to exploit the recorded pY-data and infer human kinase-substrate relationships for known human pY-sites (Figure 1a) . Firstly, we directly transfer kinase-substrate relationships through sequence homology to human proteins. Secondly, we de novo define linear sequence motifs for 16 non-receptor human kinases to score known human pY sites. Thirdly, we use a network inference approach to assign human kinases to a large fraction of known human pY-sites independently of linear motif signatures. As such we infer thousands of kinase-substrate relationships in human, marking a large step forward in our understanding of phosphorylation specificity.
Results

Measuring tyrosine phosphorylation by human kinases in yeast
In a recent study, we generated yeast strains individually expressing human NRTKs for the systematic analysis of phospho-tyrosine (pY) dependent interactions (Grossmann et al., 2015) . We expressed active full-length NRTKs at very low levels and did not observe toxicity of the L40c-Y2H S. cerevisiae strain under conditions of fast growth (Suppl. Figure 1a) . When we probed yeast lysates via western blotting with a pan pY antibody, we observed that human NRTKs modify large sets of yeast proteins (Suppl.
Figure 1b).
Human kinases show distinct activities, as indicated by the pattern of pY-proteins that was observed on the blots. We then set out to comprehensively map pY-sites on the yeast proteome for a set of human NRTKs by phospho-peptide immunoaffinity enrichment followed by tandem mass spectrometry.
As such, the yeast proteome served as a fully folded, dynamically-expressed substrate space reflecting a crowded, competitive, cellular context that was phosphorylated by specific kinases in vivo. Analyses of pY-sites recorded in yeast may thus provide clues to kinase-substrate specificity via at least three different routes (Figure 1a) .
In order to comprehensively record pY-sites on the yeast proteome we applied a commercial phosphotyrosine enrichment protocol (Rush et al., 2005) . We tailored the protocol specifically: starting with liter cultures expressing a single human NRTK (i.e. up to 100 mg wet protein), tryptic pY-peptides were enriched subsequently by applying pTyr-100-AB and 4G10-AB conjugates. pY-peptides were measured on a liquid chromatography-coupled LTQ-Orbitrap tandem mass spectrometer and mapped to the yeast proteome using the SEQUEST algorithm (Ballif et al., 2008; Eng et al., 2008) . Overall yeast strains expressing 16 of the 32 NRTKs known in human were successfully assayed (Suppl . Table 1 ). Except for the JAK and CSK family of kinases, at least one member representative of each of the 10 NRTK families showed activity in yeast (Suppl. Figure 1c) .
Our final dataset included a total of 12,625 quality-filtered pY-peptides (SPCs, Suppl. Table 2 ) mapping to 1,351 unique pY-sites on 862 yeast proteins and 3,279 kinase-substrate relationships (Suppl . Table 3) .
For this final dataset we excluded known endogenous pY-sites in yeast (Gnad et al., 2009; Tan et al., 2009a; Hornbeck et al., 2012) and sites that were found with most kinases (>10) and with high number of spectral counts (a total of 7710 SPCs for 55 sites were removed; Suppl. Table 4 ). The dataset is characterized by a median number of 694 spectral counts (SPCs) of pY-containing peptides per kinase, with the majority of kinases reporting well over 100 phosphorylation sites (Figure 1b) . As the concentration of proteins in yeast is distributed over at least 5 orders of magnitude (Wang et al., 2012) , we characterized the phosphorylated proteins recorded here to observe any abundance bias present in the data.
As would be expected from any mass spectrometry based measurement our measured proteins showed a shift towards more abundant proteins (Suppl. Figure 1d) . Furthermore, the SPCs per protein (number of pY-peptides measured per protein) increased with protein abundance (Figure 1c) , which prevented us from using any quantitative information on the identified sites; rather we took each pY-site as a binary annotation in all further analyses. Importantly however, the number of kinases per site (median = 1, average = 2.4) shows minimal increase over at least 4 orders of magnitude of protein abundance, covering the vast majority of our data (Figure 1c, red dots) . As such, using this in vivo model system we covered several orders of magnitude of cellular concentrations, with very little evidence to suggest global protein abundance drives the recorded Y-phosphorylation.
As expected, the number of tyrosine phosphorylation sites per protein showed a tailed distribution (Figure 1d) as well as the number of kinases found to phosphorylate any given site (Figure 1e ) or protein (Suppl. Figure 1e) . Two thirds of all identified substrates were modified on one tyrosine and about half of the identified sites (52%; 708/1351) were modified by a single kinase only. In order to investigate whether this distribution is expected we performed a computational permutation analysis, maintaining the data structures present in the original dataset. For each kinase we randomly sampled the same number of pY sites as annotated in the experimental dataset from the total list of 1351 sites and plotted the randomized data distribution for both kinases per site (Figure 1e ) and kinases per protein (Suppl. Figure 1e) . Our data contain both a higher number of sites only phosphorylated by a single kinases and a higher number of sites modified by a larger number of kinases. Therefore, in addition to a small number of pY-hubs, kinases generally targeted more distinct protein sites in S. cerevisiae than would be expected by random chance, showing relatively low substrate overlap.
Visualizing the pairwise overlap of kinase targets highlighted some similarities between kinases. Related SRC-kinase family members YES1, SRC, FYN and HCK cluster together (Figure 1f) . LYN, BMX and BLK share several target sites in agreement with their similarities (e.g. in domain content and organization). The relatively high target overlap between the FAK-family kinase PTK2 and the ACKfamily kinase TNK1 is less expected as they have different domain structures (Suppl. Figure 1c) .
Previous observation report that tyrosine phosphorylation, in comparison to serine/threonine phosphorylation, shows lower propensity to cluster in disordered regions of protein sequence in vivo (Woodsmith et al., 2013) . We compared protein disorder of both modified and unmodified Y and S/T sites in yeast to general protein disorder, utilizing IUPred for disorder prediction (Dosztanyi et al., 2005) . The percentages of unmodified tyrosines predicted to adopt a disordered conformation were smaller (8.5%) than for all residues (17.5%) and pY-sites (9.7%) showed a modest increase (Suppl. Figure 1f) . These are both substantially lower than both modified (63.4%) and unmodified S/T residue disorder (31.3%). The pY disorder increase is comparatively small, but in generally these trends in the yeast proteome recapitulated the characteristic structural property of human tyrosine phosphorylation and are similar using alternative disorder prediction methods (Suppl. Figure 1f) .
Transfer of pY kinase target sites from yeast to human via sequence homology
Approximately 30% of proteins are conserved between yeast and human and we would expect that some of the pY-sites in yeast may have homologous pY-sites in human (Figure 1a) . Using the InParanoid database (Remm et al., 2001) we obtained sequence alignments from up to 20 species without tyrosine specific kinases (nonTK-group, including S. cerevisiae) and from up to 17 species with an evolved tyrosine signaling protein repertoire with tyrosine kinases (TK-group, including human). For 479 yeast ORFs with at least one measured pY-site we obtained alignments covering 942 phosphorylated and 9,644 non-phosphorylated tyrosine residues. To compare the conservation of any tyrosine through phylogeny between the TK-group and nonTK-group we calculated a Y-score that indicates the preference in tyrosine conservation between the non-TK and the TK-species (Figure 2a) . Values at zero reflected no preference in tyrosine conservation, typically characteristic of very well-conserved pY-sites within an almost invariant sequence stretch. An example is Y654 in yeast protein cdc48 in line with the possibility that the kinases targeting this site could modify the corresponding Y644 site in human VCP (Figure 2a) . A somewhat stronger inference can be made for pY-sites that are better conserved in the TK group than the non-TK group, pointing to a functional constraint on the tyrosine that may be linked to phosphorylation.
For example, Y13 on RPL21 is phosphorylated by TNK1 and has a high Y-score of 1.65, indicating a strong conservation of the tyrosine in species capable of modifying it. We also detected pY-sites with negative scores and additionally many tyrosine-to-phenylalanine substitutions in the TK-group (e.g. With this analysis we provide evidence for previously unreported human kinase-substrate relationships for 63 of the 296 yeast sites that locally align to a tyrosine in human as they are reported to be phosphorylated in human (Suppl. Table 5 ).
The fraction of phenylalanine residue with higher conservation in the TK-group is almost identical to the fraction of conserved Ys (Sc.F-H.s.F= 54.2%). However, 89 of the phosphorylated tyrosines in yeast are phenylalanine residues in human. These sites also had a much lower fraction of Ys in the TK-group (Sc.pY-Hs.F = 13.5%) and a median Y-score below zero. Tan et al. (Tan et al., 2009b) observed negative correlation of total protein tyrosine content in the proteomes of organisms with increasing number of cell types or increasing number of predicted tyrosine kinases from yeast to human. It remains controversial if this apparent counter-selection of tyrosine residues in species with tyrosine signaling can be attributed to beneficial reduction of adventitious tyrosine phosphorylation (Tan et al., 2009b) or to other reasons (Pandya et al., 2015) . Our data provide 89 testable cases for further investigation into this topic as candidate sites which may have been selected against in species with tyrosine kinases.
Linear sequence motif analysis
Kinase specificities are modelled through degenerate linear sequence motifs flanking the P-site from known kinase-substrate relationships (Miller et al., 2008) . For about 28 NRTKs or NRTK subfamilies, between 4 and 400 pY-sites can be collected from the literature, however kinase motifs typically represent the averaged specificity of several kinases within a certain kinase family (Miller et al., 2008; Wagih et al., 2015) . We measured between 27 (SRMS) and 449 (FGR) pY-sites per kinase and used iceLogo (Colaert et al., 2009) Figure 3a) . Importantly, available motifs in the literature agree with the motifs obtained in our approach. For example a strong preference for a proline at the +3 position for ABL2 is recapitulated (Colicelli, 2010; Wagih et al., 2015) (Figure 3a ) as well as a preference for acidic amino acids (D and E) at the -3 position for SRC kinase (Songyang and Cantley, 1995) or the preference for aspartic acid at the -1 position for SYK (Deng et al., 2014; Shah et al., 2016 ) (Suppl. Figure 2) . Additionally, we refined our motif by discarding sequences with low motif score and redrew the linear motif for every kinase using the 20% best matching peptides only (Figure 3a and Suppl. Figure 2) . Similar approaches for motif refinement have been used in an iterative manner before (Schwartz and Gygi, 2005; Wagih et al., 2015) as this procedure enriches for residues that are more likely contributing to binding. Importantly, at very high accuracy cut off values (i.e. combined sensitivity and specificity) the false discovery rate dropped substantially when scoring the pY-sites of the yeast proteome with the refined motifs. This drop in FDR is not due the refinement procedure as such, because it is not observed in randomized controls (Suppl. We quantitatively compared the published linear motifs for six kinases from Deng et al. (Deng et al., 2014 ) and three kinases from Wagih et al. (Wagih et al., 2015) using ROC analyses (Suppl. Figure 2 ).
The analysis demonstrated that with the exception of SYK kinase in all comparisons the refined motifs generated from the yeast data perform comparable or better than the reported motifs when benchmarked with independent human pY-data (Suppl. Figure 2) .
We next set out to use the new motifs to link kinases to ~13,240 human phospho-tyrosine-sites recorded in multiple studies from human cells (Hornbeck et al., 2012) predicting potential kinase-substrate relationships. At the accuracy cut off of 0.995 we assigned kinase-substrate relationships for 1,362 human pY-sites (Suppl . Table 6 ) with roughly half of the 1,105 predicted human target proteins were assigned to a single NRTK (Figure 3d) . The number of predicted human targets varied from 58 for SRMS to 165 for FER (Figure 3c ) with an average of 3% of the proteins containing two sites for one kinase. 20 kinasesubstrate pairs were confirmed through reports in the literature (Suppl. Table 7 ). In summary, we defined motifs for 16 individual NRTKs from the analysis of our yeast data, benchmarked the motifs against known human kinase-substrate relationship and predicted about 1,900 kinase-substrate relationships for more than 1,100 human phospho-proteins.
Validation of human p-Y site prediction
In order to confirm predictions experimentally we expressed putative human target proteins in the yeast strains with the corresponding kinases. PGAM1 (phosphoglycerate mutase 1), EIF2S1 (eukaryotic translation initiation factor 2 subunit 1) and PGK1 (phosphoglycerate kinase 1) were successfully purified via immunoprecipitation as determined by coomassie stained SDS-page and subjected to mass spectrometry based phospho-peptide identification. Peptides for the phosphorylated and nonphosphorylated form were unambiguously identified and validated in comparison to reference spectra from peptide atlas (Suppl. Figure 3c) . Four predicted sites were confirmed in this approach: One ABL2 pY-site in PGAM1 (Y92) and three FGR sites across EIF2S1 (Y147 and Y150) and PGK1 (Y76) respectively. On the other hand Y196 in PGK1 was predicted to be phosphorylated by FGR but was not found in the analyses. However, in this validation approach we cannot distinguish true negative from false negative results as some tryptic peptides may not be suitable for MS identification. Rather, in support of our approach these experiments demonstrate that known pY-sites in human proteins can be phosphorylated by the assigned kinases.
Network inference analyses of pY-sites of the yeast model substrate
Deriving new kinase motifs from our data, we have extended the motif based substrate scoring and attributed about 10% of the human pY-sites to specific kinases. However, on a proteome scale, the local properties of the pY-site, i.e. the amino acids surrounding the site, are alone insufficient to define the substrate specificities of protein kinases as the majority of phospho-sites recorded in living cells do not resemble any known kinase motif.
In our in vivo experimental system we did not determine tyrosine phosphorylation of substrates in isolation, but in the context of interaction networks that reflect the organization of protein assemblies and cellular processes. In yeast, where tyrosine phosphorylation does not play a role in bona fide cellular processes, phosphorylation will occur preferentially at sites that match recognition determinants in individual proteins but we would expect it to occur randomly, i.e. equally distributed, with respect to protein interaction networks. We therefore asked whether yeast proteins modified by a human tyrosine kinase are more closely connected in protein interaction networks than expected randomly. We calculated the average shortest path between all nodes targeted by each kinase in an established yeast protein interaction network (63,545 PPIs, 5,804 proteins, Data S1) in comparison to 100 networks where the nodes were randomized keeping their degree. For all kinases, except SRMS that only targeted less than 20 proteins in the network, the average shortest path was significantly smaller than in the randomized network versions (Figure 4a , Z-score > 2). Scrutinizing the null hypothesis again to corroborate this observation, we also tested whether two proteins that were modified by a kinase were more likely to interact than expected randomly. The average number of interacting kinase target pairs was much higher for most kinases than in the corresponding networks with randomized links that have the same size and degree distribution, keeping the number of interactions for each protein constant (Z-score > 2; Figure 4b ).
Both these analyses demonstrate clustering of kinase substrates in the yeast interaction network.
For multiple different PTMs, groups of highly modified functionally coherent protein complexes were previously characterized in human (Woodsmith et al., 2013) . Phospho-tyrosine enriched complexes (Suppl. Figure 4a ) were strongly associated with GO terms relating to extra-cellular stimulation, cell migration, adhesion and immune cell functions (-logP range from 3 to 25; Suppl. Figure 4b) . When we analyzed the pY-sites obtained in yeast, controlling for both protein size and frequency in the protein complex dataset, we also found these groups of highly modified complexes separated from the majority distribution suggesting that complexes were in general targeted by tyrosine phosphorylation in yeast (Suppl. Figure 4a) . In contrast to the human dataset, we observed weak signals only when performing a GO-term enrichment analysis on highly modified complexes sampled across a variety of different functions (-logP range 2 to 6; Suppl. Figure 4b) . This is in agreement with tyrosine phosphorylation not playing a role in yeast bona fide cellular processes. We also analyzed kinase targets in the framework of likely physical protein complexes using COMPLEAT (Vinayagam et al., 2013) , a tool to identify preferentially targeted protein complexes with diverse proteomics inputs. COMPLEAT analysis using the pY-protein data as input revealed that a total of 282 yeast protein complexes (169 non redundant; -logP >1.3) were significantly modified by one or more human tyrosine kinases. Between 10 and 200 complexes were found per kinase with a median of 60 complexes. Each kinase showed a very unique set of complexes in this analysis and no obvious functional cluster appeared (Suppl. Figure 4c) . These analyses suggest that tyrosine kinases preferentially phosphorylate multiple substrates in physical assemblies such as protein complexes.
Our global network analyses showed that the phosphorylated yeast proteins cluster in protein complex and binary interactome networks. To directly reveal the connectivity of kinase substrates, we next sought to extract the actual subnetworks modified by the individual kinases from global yeast interactome maps.
Several related algorithms that search networks to retrieve active subnetworks have been developed in the context of expression analysis (Alcaraz et al., 2014) , disease associations (Vanunu et al., 2010) and cancer mutational analysis (Hofree et al., 2013; Creixell et al., 2015b) . We overlaid the phosphorylation values on the corresponding proteins in the yeast interactome network as seeding points to search for subnetworks with a maximum number of phospho-proteins. Specifically, using a greedy search algorithm (Alcaraz et al., 2014) we extracted subnetworks including all mapped pY-proteins for a given kinase, and a minimal number of proteins not phosphorylated that were required to connect the subnetworks. The number of non-phosphorylated proteins can then act as an indicator of how clustered target proteins are within these networks (Figure 4c) . For 15 kinases with more than 55 proteins mapped to the yeast interactome, extraction resulted in sets of minimal networks which involved on average 14% and not more than 22% non-phosphorylated nodes (for ABL2: 12% Figure 4c ; Suppl. Table 8 ). In agreement with our analysis demonstrating shorter average paths between pY-proteins and preferential phosphorylation of interacting proteins, minimal network generation from a comparable number of randomly selected seed nodes required a much higher percentage of additional proteins (~32%).
Network inference to identify putative human pY kinase substrates
As the extracted yeast subnetworks contained a very high fraction of phosphorylated proteins, similar subnetworks that could be built around known pY-substrates in human may be informative to revealing potential kinase-substrate relationships. Specifically, we proposed that minimal subnetworks that contain many substrates of one specific kinase would be useful in assigning other pY-sites with unknown kinasesubstrate relationships to this kinase. Therefore, we initially applied the same minimal network extraction technique used in yeast to a high quality human interactome on the basis of known human kinase substrates (seed nodes) (Figure 4c ). We used a global binary human protein interaction network (9,412 proteins, 33,646 PPIs, Data S2 (Woodsmith and Stelzl, 2014) ), and collected known kinase-substrate relationships from literature databases (Dinkel et al., 2011; Hornbeck et al., 2012) . The number of known kinase-substrate pairs varied from 0 (TNK1) to about 200 substrates reported for Src kinase in the databases. However, for half of the kinases less than 15 human substrates were known (Suppl. Table 9 ).
To establish a set of human seed nodes for each tyrosine kinase, we combined the known kinase substrates with direct protein interaction partners of the kinases and homology or linear motif inferred targets derived from our experimental yeast approach. This yielded sets with 60 to 320 human seed nodes in the human interactome for 18 kinases plus ABLgrp (ABL1 or ABL2), respectively (Suppl. Table 9 ). We extracted 20 minimal networks for every kinase using the greedy search approach for minimal network extraction around the defined human target seeds (Figure 4c) . In contrast to yeast minimal networks that contained around 14% non-seed nodes, extracted minimal networks for human contained on average 32% non-seed nodes. This difference is consistent with less well defined human seeds and observed for all kinases (Figure 4d) . Non-seed nodes point towards potential kinase-substrate relationships and those that occurred more often in the 20 extracted networks received higher scores (Suppl. Table 9 ).
The number of seed nodes was large enough to benchmark the search procedure for ABL1, ABLgrp (ABL1 or ABL2), FYN and SRC kinases. When omitting known targets from the seed nodes in the search, a statistically significant number of known kinase substrates was recovered in the minimal networks with all four kinases (Figure 4e) , highlighting the potential of this approach to identify kinasesubstrate relationships.
In general, the number of known kinase-target relationships of NRTKs are limiting (median of 8 database known and 146 seed proteins, Suppl. Table 9 ) to the network extraction approach. We thus applied a network propagation algorithm to infer potential kinases targets and extend the minimal network approach. With this iterative network propagation method, flow originating from the seed proteins is simulated throughout the network generating a smooth scoring function over larger network areas (Vanunu et al., 2010; Hofree et al., 2013) . For every kinase, the propagation score distribution over all nodes in the human interactome was systematically compared with the score distribution over non-seed nodes in the minimal networks to determine a threshold for kinase-substrate prioritization (Figure 4f and Suppl. Figure 4d) . Applying this signal propagation approach, we generated a scoring matrix of kinasesubstrate relationships for 3,323 human phospho-proteins (Suppl . Table 10 ).
In summary, we have leveraged growing yeast as in vivo model substrate for characterizing human protein tyrosine kinase activity. From the collected data set involving 3,279 kinase-substrate relationships we took three approaches, homology transfer, motif scoring and network inference (Figure 1a) , to assign kinasesubstrate relations for 3,653 known human pY-proteins and 18 kinases. Approximately half the tyrosine modified proteins were specifically assigned to one NRTK, with an average of 12 predictions per kinase based on homology transfer, 114 predictions from motif assignment and about 399 relationships inferred through network extraction and propagation (Figure 4g ).
Discussion
We used an experimental setup assaying the in vivo proteome of yeast as a model substrate for human NRTKs and recorded a large set of pY-sites on yeast proteins, each attributed unambiguously to a specific human kinase via mass spectrometry (3,279 kinase-substrate pairs). This one to one assignment is prohibitively difficult in any human cell system, due to hugely variable kinase activities, kinases cascades and overlapping specificities.
The data enabled the assignment of human kinase-substrate relationships via homology transfer (Fig. 2) .
We also derived linear sequence motifs for 16 kinases from the data and provide performance benchmarks with sets of known kinase-substrate pairs (Fig. 3) . ROC analyses demonstrated that motifs generated from the yeast proteome identify known sites from independent human data with similar specificity and sensitivity as known motifs from the literature (Deng et al., 2014; Wagih et al., 2015) (Fig. S2) . This shows that reliable data reflecting kinase specificity have been recorded, validating our in vivo data generation in a heterologous system and the approach used. We used the 16 new motifs to score about 10% of known human pY-sites, substantially expanding the current literature.
Protein interaction networks can refine motif based approaches to improve specificity in kinase-substrate assignment (Linding et al., 2007) . However, the vast majority of measured pY-sites in human do not show motif signatures to begin with, and how networks in general influence kinase-substrate relations has not been scrutinized. Therefore it is important to develop tools that can address kinase-substrate specificity features independently of linear peptide motifs. As our phosphorylation platform is assaying the functional yeast proteome in the context of in vivo interaction networks, it can go significantly beyond motif based approaches and additional specificity determinants that can be attributed to substrates in isolation (Bhattacharyya et al., 2006; Ubersax and Ferrell, 2007; Creixell et al., 2015a) .
We hypothesized that in yeast, which does not utilize tyrosine phosphorylation for bona fide signaling processes, pY-sites ought to be distributed equally across the yeast interactome map unless network structures strongly influence kinase-substrate targeting. When investigating the global yeast interactome we observed clustering of kinase targets in binary and protein complex networks. Phospho-proteins have been shown to cluster in binary networks and on protein complexes in human, as protein networks reflect cellular processes (Beltrao et al., 2012; Woodsmith et al., 2013; Duan and Walther, 2015) . Whether clustering is dependent upon individual kinases could not be tested. In four different analyses (Figs. 4a, 4b, S4a, S4c) , we showed that the targets of each human tyrosine kinase cluster in a welldefined yeast protein-protein interactome network.
Network clustering, a key feature of biological networks, has been very successfully exploited in confining expression profiles, establishing new disease gene associations and in prioritization of cancer mutations (Creixell et al., 2015b ). Here we defined minimal networks that best represent the clustered phospho-signal using subnetwork extraction procedures (Alcaraz et al., 2014) . For each of the 16 kinases, we extracted minimal subnetworks that contained all phospho-proteins and on average 12% connecting, non-phosphorylated proteins from a global yeast interactome of 5,804 proteins and 63,545 PPIs (Fig. 4d) .
In analogy to the work flow in yeast (Fig. 4c) , the next step for network based inference of human kinasesubstrate pairs was to build minimal subnetworks around assigned substrates from human phospho-and interactome data. To this end, we exploited assignments resulting from motif and homology analysis in this study as starting nodes in subnetwork construction, together with known substrates and kinase interaction partners. Importantly, as a validation of this approach the known literature substrates were identified when omitted from the set of starting seeds (Fig. 4f) . Finally, we applied the network inference approach further using network propagation (Vanunu et al., 2010; Hofree et al., 2013) (Fig. 4g) to score tyrosine phosphorylated proteins in the human interactome map as potential substrates for each of the 18 tyrosine kinases. In total we provide candidate kinases for 3,653 phospho-tyrosine modified human proteins for future in depth investigation. The predictive power of our approach is limited by relatively small sets of known substrate-kinases relationships, spurious phospho-sites in big data collections and incomplete human protein networks. As these data become better defined, the reliability of network inferences will increase.
Unlike in vitro systems to screen for kinase-substrate relationships, our yeast model substrate has the potential to account for kinase specificity determinants that are not necessarily encoded in the phosphoproteins as such. Cantley and coworkers recently reported crystal structures of the EGFR kinase domain with a bound peptide substrate where the peptide residues did not have well-defined electron density despite the use of an optimized linear sequence and concluded from their structural observations that, other than the +1 residue, the primary sequence surrounding the phosphorylation site may have little influence on EGFR specificity (Begley et al., 2015) . Other work has shown involvement of docking sites, targeting subunits and scaffolds, which better explain kinase-substrate specificity through additional protein interactions (Bhattacharyya et al., 2006; Ubersax and Ferrell, 2007; Zeke et al., 2015) . However, since those additional protein interactions may not all exist in the yeast model substrate, the physical and topological constraints on substrates in the cell could also contribute. Investigation into this question through cellular biophysics studies may shed further light on how the relatively small number of tyrosine kinases can address a major part of the proteome and how local interaction networks mediate broad dynamic cellular phospho responses.
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STAR * METHODS
CONTACT FOR REAGENT AND RESOURCE SHARING
Further information and requests for reagents may be directed to, and will be fulfilled by the Lead Contact, Ulrich Stelzl (ulrich.stelzl@uni-graz.at).
EXPERIMENTAL MODEL DETAILS Yeast cell culture
Yeast strain L40c (MATa his3∆200 4 -HIS3TATA-HIS3) (Worseck et al., 2012) expressing human NRTKs under a copper-inducible yeast promoter using pASZ-DM (Grossmann et al., 2015) was grown in two liter liquid selective media (-Ade). After six hours of growth, human NRTK expression was induced by addition of CuSO 4 to a final concentration of 20 to 100 µM (dependent on the observed activity of NRTKs in yeast via Western blotting using 4G10 antibody) growth was continued over-night. After centrifugation at 4°C at 4,300 x g for 15 min, aliquots of 1 ml dry yeast pellets were frozen and stored until lysis at -80°C.
METHOD DETAILS Yeast lysis
An equal volume of zirconia beads (Carl Roth GmbH & Co. KG) and 500 µl lysis buffer (20 mM HEPES pH 8.0, 1 mM sodium orthovanadate, 2.5 mM sodium pyrophosphate, 1 mM beta-glycerophosphate) (Cell Signaling Technology Inc., Danvers, MA, USA) containing 9 M urea (Biomol GmbH, Hamburg, Germany) was added to each frozen dry yeast pellet and cells were lysed using a FastPrep24 (MP Biomedicals, Santa Ana, CA, USA) homogenizer for 20 seconds at its highest speed (6.5 Ms-1).
Phospho-peptide enrichment from yeast lysate
Dependent on observed NRTK activity in yeast, two to six 1 ml dry yeast pellets were lyzed. Yeast lysates were cleared on a cooled (4°C) table-top centrifuge for 15 min at 20,000 g and the supernatants were transferred to a 50 ml centrifugation tube. The lysis was repeated twice by adding each time 500 µl lysis buffer to the cell debris/pellets. 1/10 th volume of 45 mM DTT (Cell Signaling Technology Inc., Danvers, MA, USA) was added to the combined cleared lysates and incubated for 20 min in a 60°C water bath.
After cooling the solution to room temperature (RT) for 10 min, 1/10th volume of 110 mM iodoacetamide Subsequently, the column was washed applying 1 ml, then 5 ml and finally 6 ml of 0.1% TFA before eluting the peptides into a polypropylene tube in 2 ml 0.1% TFA, 40% MeCN thrice. The eluate was frozen in liquid nitrogen and subsequently lyophilized.
For anti-phospho-tyrosine immunoaffinity enrichment we built on the protocol first established by Rush et al. (Rush et al., 2005) and our previous work (Ballif et al., 2008; Doubleday and Ballif, 2014) . The final protocol and reagents used were from the P-Tyr-100 PhosphoScan Kit (Cell Signaling Technology, Danvers, MA, USA). Lyophilized peptides resuspended in 1.4 ml "IAP buffer plus detergent" (50 mM MOPS pH 7.2, 10 mM sodium phosphate, 50 mM sodium chloride, detergent (proprietary formulation;
Cell Signaling Technology Inc., Danvers, MA), kept at RT for 5 min and briefly sonicated in an ultrasound bath. The pH was controlled adjustments using 1 M Tris Base to be neutral. All of the following steps were conducted at 4°C. The peptide solution was clarified via centrifugation at for 15 min and transferred directly onto P-Tyr-100-conjugated beads and incubated on a rotator for 2 hours. After subsequent centrifugation at 2,700 x g for 1 minute the beads were washed twice with 1 ml IAP buffer. In order to capture peptides unbound in the immuno-precipitation (IP) using the anti-phospho-tyrosine PTyr-100 antibody conjugated beads the supernatant was again applied to anti-phospho-tyrosine 4G10
antibody conjugated beads, incubated on a rotator for 2 hours, and washed twice with 1 ml IAP buffer.
Consecutive processing steps were identical for both IPs. The beads were again washed 5 times by applying 1ml purified water. Peptides were eluted from the beads by the addition of 55 µl of 0.15% TFA for 10 minutes at RT twice. The eluate was divided into two aliquots of 50 µl and purified on ZipTips using solvent A (0.1% TFA) and solvent B (0.1% TFA, 40% MeCN) and dried in a vacuum concentrator for 60 min.
Mass spectrometry analyses
LC-MS/MS analyses were set up and conducted as described previously (Doubleday and Ballif, 2014) using a MicroAs autosampler, a Surveyor PumpPlus HPLC and a linear ion trap-orbitrap (LTQ-Orbitrap) platform (Thermo Electron, Waltham, MA, USA). To identify tyrosine phosphorylated peptides, we performed a SEQUEST search of the MS/MS data using yeast proteome downloaded from SGD database (Jan. 2011). The search parameters required a precursor mass tolerance of 10 PPM, required peptides to be tryptic, and allowed dynamic modification of methionine (+15.99491 Da for oxidation), cysteine (+57.02146 Da for carbamidomethylation) and serines, threonines and tyrosines (+79.9663 Da for phosphorylation). By using the Ascore algorithm, we could determine the precise position of the phosphorylated residue with a confidence above 95% for 1433 pY sites.
Immuno-precipitation of predicted human NRTK targets expressed in yeast
The method is an adoption of a chromatin immuno-precipitation protocol of Grably and Engelberg (Grably and Engelberg, 2010) . In brief, selected human targets and NRTKs were picked from an open reading frame (ORF) collection of gateway entry clones and were shuttled into the yeast expression vectors pRS425_GDP_TAP (Addgene). Co-transformed yeast was grown and lyzed as stated above however, with an additional step. Zirconia beads were removed manually by poking a 0.4 mm hole using a Bunsen burner heated needle in each 2 ml tube spinning at 3,220xg for 1 min and directly into a 15 ml tube. The bead-free lysate was sonicated (5 cycles for 30 sec) and cleared by centrifugation. 110 µl slurry of washed IgG beads was added to the cleared 10 ml lysate and incubated over-night at 4°C. Beads were washed four to six times with 1 ml wash buffer (50 mM ammonium carbonate; pH 8), and the proteins were eluted with 110 µl of 2.5 x SDS gel loading buffer (200 mM Tris-Cl (pH 6.8), 1% SDS, 10% glycerol, 0.1% bromphenol blue, 50 mM DTT) for 5 min at 95 °C. After separation of the proteins on 10-12% SDS polyacrylamide gels bands with the expected molecular weight were excised. The gel slices were grinded using a micro-pistil within protein low-binding reaction tubes (LoBind, Eppendorf AG, Hamburg, Germany) and proteins in-gel digested with MS-grade trypsin (Roche Diagnostics GmbH, Mannheim, Germany). The resulting peptides were alkylated, reduced and thereafter purified using a C18 column and finally desiccated in a vacuum concentrator. Tyrosine phosphorylation was measured on a QExactive mass spectrometer (Thermo Fisher Scientific Inc., Waltham, MA, USA) and peptides identified using the MaxQuant environment.
QUANTIFICATION AND STATISTICAL ANALYSIS Homology transfer
Using the Inparanoid database (Remm et al., 2001) 
Motif analysis
Tryptic pY-peptides from the mass spectrometry (MS) output were mapped to the yeast proteome and processed to 15 mer sequences where seven amino acids each are flanking a central tyrosine residue. For each kinase a list of aligned 15 mers was analysed with the iceLogo stand-alone application (Colaert et al., 2009 ). The background set used was a list of 15 mers capturing all non-phosphorylated tyrosine residues of the proteins identified in the MS measurements ("expressed yeast proteome"). Fold change was set as the enrichment/significance parameter. The default color scheme was used and the enrichment axis adjusted manually to show all enriched residues at appropriate scale.
Using a custom made python script all phosphorylation sites were scored additively from the enrichment value (EV) matrix obtained via iceLogo. The R package ROCR (Sing et al., 2005) was used for performance analysis. The program inputs a list of scores with assigned binaries and outputs a graphical display of the performance as ROC (Receiver Operating Characteristic) curve. The "expressed yeast proteome" was scored and targeted sites labeled for each NRTK separately. Due to the limited number of reported kinase-substrate relationships in public databases for the majority of NRTKs, it was not possible to retrieve sufficiently large independent positive sets for systematic motif performance testing involving all kinases. Therefore, a hundred-fold cross-validation was performed. Ten percent of the kinase target sets were randomly removed and a new sequence motif generated using the remaining 90 percent of hits for each kinase. The reference set was subsequently scored applying the new motif and binaries assigned labeling the omitted, independent ten percent of targeted pY-sites. ROCR also outputs average accuracy values for each scored site over all randomized performance tests which were used to both normalize the score between NRTKs and for annotation of NRTKs to human substrates. Using the ROCR package, motif comparison with literature was performed with positive data set (>10 sites annotated for a given kinase) from phosphosite plus (Jan 2017) (Hornbeck et al., 2012) and the negative data were all other tyrosine residues of the respective proteins.
Network analysis
Union of the ConsensusPathDB "binary network", the SGD "physical network" and STRING "high confidence" network removing all proteins with a degree larger than 150 (5798 proteins, 63542 PPIs; Data S1). Human binary interactome map combined 16 high quality yeast two hybrid studies (Woodsmith and Stelzl, 2014) excluding proteins with a degree higher than 150 (9412 proteins, 33646 PPIs; Data S2).
Randomized networks were generated with custom made Perl scripts. Node randomization: Nodes in the network were sorted by their degrees into bins of 3%. 100 randomized networks were created with the same number of nodes from the same bins and the average shortest paths between modified nodes were calculated. Link randomization: Networks were rewired by shuffling the interactions (Fisher Yates shuffle) but keeping the number of interactions for each protein as in the experimental network.
Optimal subnetworks were generated using cytoscape (Version 3.2.1 / Java environment 1.8.0_51, (Shannon et al., 2003) ) app "KeyPathMiner" (KPM 4, (Alcaraz et al., 2014) ) and network propagation preformed using a liner integer program (Vanunu et al., 2010) implemented in the cytoscape app "Propagate".
KPM was set up to retrieve optimal subnetworks including the maximum number of phosphorylated proteins (seeds) (variable L=0) and step-wise increasing number of exceptions k. The minimal k was chosen at the point where no further seeds were included in the subnetworks. Using a custom-made python script, optimal subnetworks were processed and analyzed. Non phospho-proteins mapped to the periphery of the subnetworks were excluded. An "exception score" was generated which delineates how often a non-phospho-protein was included in 20 optimal subnetworks to account for the heuristic approach. A comparison between repeated runs showed that proteins with a score below 0.2 were not reproducible and not considered as predictions.
Using the app "Propagate" the entire PPI network was scored using the same seeds ("priors") as previously. Visualization of the propagate scores over the entire network in comparison to high scoring KPM nodes was performed using R package ggplot2 (Wickham, 2009) . A "Propagate" score cut-off was selected via AUC analysis using the R package "OptimalCutpoints" (López-Ratón et al., 2014) .
Annotation, visualization
GO enrichment was performed at consensuspathdb.org/ and COMPLEAT analysis was performed at www.flyrnai.org/compleat (Vinayagam et al., 2013) . Network visualization was performed with cytoscape (Shannon et al., 2003) .
DATA AND SOFTWARE AVAILABILITY
Data sets are available as Suppl. Tables 2, 3 , 4, 5, 6, and 10 (xlsx) . Interaction networks are deposited as tab delimited Data S1(yeast) and DataS2(human) files.
